The adaptation of bacteria to the vigorous environmental changes they undergo is crucial to their survival. They achieve this adaptation partly via the intricate regulation of the transcription of their genes. In this study, we infer the transcriptional network of the Gram-positive model organism Bacillus subtilis. We use a data integration workflow, exploiting both motif and expression data, towards the generation of condition-dependent transcriptional modules. In building the motif data, we rely on both known and predicted information. Known motifs were derived from DBTBS while predicted motifs were generated by a de novo motif detection method that utilizes comparative genomics. The expression data consists of a compendium of microarrays across different platforms. Our results indicate that a considerable part of the B. subtilis network is yet undiscovered; we could predict 417 new regulatory interactions for known regulators and 453 interactions for yet uncharacterized regulators. The regulators in our network showed a preference for regulating modules in certain environmental conditions. Also, substantial condition-dependent intra-operonic regulation seems to take place. Global regulators seem to require functional flexibility to attain their roles by acting as both activators and repressors.
Introduction
Understanding the global properties of transcriptional networks in bacteria is key to an improved understanding of the versatile and adaptive lifestyles of these organisms. So far, most studies have been performed on the model organism Escherichia coli and have primarily focused on constructing and analyzing the properties of a "static" representation of the transcriptional network: in such representation networks are depicted as directed graphs, in which nodes stand for the regulators and their respective target genes, while the edges indicate the interactions between them. Global features, such as the networks' structural topology, the presence of hubs and network motifs have been largely analyzed 1, 2, 3, 4, 5, 6 . Few studies, however, addressed the "dynamic" network, either with respect to time 7 or with respect to environmental conditions 8, 9, 10 . Indeed, most genes undergo conditional regulation rather than a constitutive one.
From this dynamic viewpoint, studying the transcriptional network of B. subtilis is interesting as the organism is capable of surviving in many diverse environments, and undergoes a complex conditiondependent differentiation process, i.e. sporulation 11, 12 . In this study, we aimed at expanding the transcriptional network of B. subtilis and studying its global properties. To this end, we used a data integration workflow for network construction 9 . Integrating different data types not only results in predicting new interactions with more confidence than when relying on a single data type, but it also allows for a more global view on the network. The information on the network structure was derived from motif information, while the condition dependence of the network was inferred from a compendium of microarray data. Our analysis resulted in enhancing our understanding of the B. subtilis regulatory network by the expansion of the current network on the one hand, and the analysis of its general properties on the other hand.
Results

Networ k construction
In this study we constructed a global view of the condition-dependent transcriptional network of B. subtilis by integrating expression data with motif information. An overview of the analysis flow we used is given in Figure 1 . The expression data used in this study consists of a cross platform expression compendium that was compiled from public data, available in SMD and GEO (see materials and methods). It contains 231 microarrays, derived from 5 independent studies, performed on 10 different platforms and testing about 6 different experimental conditions (conditional categories). Information on the transcriptional interactions between a regulator and its target genes was derived from motif information. Motifs, the short regulator-specific sequences upstream of a gene, give indirect information on the interaction between a regulator (transcription factor or sigma factor) and its target genes. Motif information was obtained from two different sources. At first, we collected all regulators for which the motif was documented in the database of transcriptional regulation in Bacillus subtilis (DBTBS 13 ), which were 44 in total. Experimentally verified binding sites of these regulators were considered as true interactions and included as such in our motif matrix (see materials and methods). Novel sites for the same regulators were predicted using a genome wide screening with the 44 annotated motifs models.
As the regulators with known motif model constitute only a fraction of the total pool of B. subtilis regulators, we relied on a de novo motif detection method to predict motifs for regulators with yet unknown binding sites. In this case, the direct relation between a regulator and these binding sites is unknown and needs to be inferred as well. The de novo motif detection strategy we used is based on a combination of phylogenetic footprinting with the concept of co-regulation; however, co-regulation in this case relies on sequence data alone so as to generate information that is completely independent from the expression compendium. The basic idea behind this approach is that motifs that occur within evolutionary conserved regions in the promoters of different species (phylogenetic footprinting) and that are shared by at least two genes of the same species (co-regulation) are most likely to be functional 14, 15, 16 . Potential regulatory motifs were thus identified as those sequence regions conserved over four different Bacillus species and shared by at least two different B. subtilis genes. According to this strategy 159 candidate motifs were selected. Note that by using this double criterion of phylogenetic conservation and co-regulation, we could reduce the motif search space in a sensible fashion (the total number of predicted motif sites dropped from 7543 at the phylogenetic step, to 393 after the final motif extraction step). On the other hand, motifs of regulators that have only one target gene in B. subtilis are missed. Also, motif instances in genes that do not have a conserved regulation, and instances present in genes that are not conserved across all four Bacillus species, are missed. The latter instances could be recovered by performing a final genome wide screening using the retrieved motif models. Details can be found in the materials and methods section. For network reconstruction, we used the data integration framework 'DISTILLER'. DISTILLER uses a strategy based on itemset mining to integrate expression with motif data 10 . The algorithm searches for gene sets that are co-expressed under a subset of conditions (modules or bi-clusters) and that share common regulatory interactions. It thus identifies regulons, their corresponding regulators and the conditions under which these regulons are active.
Network modules and infer red interactions
Combining the expression with the motif information resulted in the detection of 142 modules consisting of 1574 motif-target interactions, for 35 distinct regulatory motifs (22 known and 13 novel) and 1153 genes. Modules range in size between 4-98 genes and 17-87 conditions. A detailed description of the modules can be found at the supporting webpage http://homes.esat.kuleuven.be/~afadda/supporting/modules.html. Comparing our results with annotated regulator-target interactions in DBTBS showed that we retrieved 44% of the previously characterized interactions, involving 22 (50%) of the documented regulators with known motif model. For the modules corresponding to a known regulator, the module genes were enriched for the same function as the one the regulator is known to be involved in (Figure 2 ). For example, modules of the well-known regulators of sporulation SpoIIID, SigK, and SigE, are mostly enriched for sporulation-related genes. For the other 22 regulators, none of the previously described interactions could be retrieved. The reason for this could be either that these regulators do not meet the minimal requirements needed to obtain their modules, or that they are not triggered in the experimental conditions present in our compendium. We were able to extend the regulons of the regulators for which DISTILLER found interactions, by an average of 19 targets (see Table 1 ). A detailed list of the interactions predicted per regulator can be found in the supporting table S3. The highest number of predicted novel targets was for the regulators with global functions, such as competence (ComK) and catabolite repression (CcpA, AbrB) ( Table 1) . This is probably partly due to the fact that the conditions under which the microarrays were performed are highly representative for those regulators. On the other hand, it demonstrates that the regulons for these regulators as currently described are still largely incomplete. Table 1 . Summar y of known and pr edicted inter actions for each of the known r egulator s assigned to the modules. For all the listed r egulator s, the size of the known r egulon documented by DBTBS, including oper on genes is shown. The number of over lapping inter actions between this study and the known ones is listed. Also listed are the number of novel inter actions pr edicted by our study and their pr esumed mode of r egulation. Dual r egulator s ar e indicated by an *. The cases where we could not pr edict the mode of regulation ar e listed as unknown. Mode of regulation Since genes in a module are co-expressed, it is reasonable to assume that they are regulated in a similar mode (activated or repressed) by the assigned regulator. If, for at least three targets in this module, the mode of regulation is known, we could extrapolate this information to the other non-annotated members of the same module. Otherwise, the information was not considered reliable and no extrapolation was made. This inference of the "mode of regulation" is particularly interesting for the dual regulators, i.e. regulators with both an activator or repressor activity (Table 1 ). For some of these dual regulators such as AbrB, CcpA, and ComK we noticed a clear bias towards either a positive or negative mode of regulation (activation or repression, respectively); this might be a consequence of a similar bias present in the known mode of regulation for these regulators (DBTBS). A full list of the novel interactions with their predicted mode of regulation can be found in the supporting table S3.
Prediction of regulons for yet uncharacterized r egulators For B. subtilis there still exists a pool of regulators with largely unknown regulons. They comprise either proteins with experimentally verified regulatory functions and unknown motifs, or entirely uncharacterized hypothetical regulators. Regulons for this pool of regulators were derived from the modules of the de novo motifs. Integrating the predicted de novo motifs (see the results section on network construction) with expression data, allowed us to assign 13 of our de novo motifs to at least one module ( Table 2) . Most of the genes in these modules have no function assigned yet, indicating that they are still largely understudied and could potentially be regulated by these uncharacterized regulators.
To associate these de novo motifs with putative regulators, we used several criteria. First, we compared the motif models with those present in DBTBS for known regulators (45 models). Second, we tested whether the genes containing those motifs are enriched for targets of a specific regulator. The regulators that fulfilled both criteria were considered as potential matches to our de novo motifs. Of the 13 motifs that had a module in our study, motif_12 matched with Fur, and motif_260 matched with SinR. Ideally, if the match based on sequence and functional data between the novel motif and a known motif was true, we expect the known regulator (in this case Fur or SinR) to be assigned to the same modules of the novel motif (motif_12 or motif_260). This was the case for the Fur motif (8 out of 11 modules assigned to Fur are also assigned to motif_12), but not for SinR (two modules were assigned to motif_260, and none to SinR). The discrepancy can be explained by the variation in the motif models for SinR as detected by our approach and as present in DBTBS, resulting in differences in the scores of the motif screening. For all other motifs not assigned to a known regulator, we relied on two known properties of bacterial networks. First, it was observed that a regulator's gene has a distance constraint with its closest binding site on the genome 17 , this means that at least one of the target genes of the regulator is located in the close genomic neighborhood of the regulator's encoding gene. Accordingly, we assigned one or more potential regulators to our predicted motifs based on the presence of the regulator's gene within a minimum distance from at least one of the genes containing the motif. The minimum distance was determined based on the observed regulator-'closest-target' distances of known regulator-target pairs in the B. subtilis genome (see materials and methods and supplementary table S1 and figure S2 ). Secondly, bacterial regulators are often auto-regulated: 55% of the regulators in E. coli 3 and 42% in B. subtilis (this study) are known to be auto-regulated. If a regulator belongs to a module of a de novo motif, it is considered as a candidate for recognizing the corresponding motif and regulating the module. Auto-regulators would also be the closest targets to their own genes and thus fulfill the "close genomic neighborhood" condition mentioned earlier.
Most of the assigned potential regulators (Table 2) do not have a known function. However, in some of the cases where the regulator's function is known, it was found to be relevant to the function for which the corresponding module(s) is enriched. For example, one of the assigned regulators of motif-53, AzlB, is a regulator of genes encoding branched-chain amino acid transporters 18 . Amino acid transport is the process by which bacteria import amino acids from the environment to be used in building proteins, or to be catabolized 19 . Thus, there is a need for coordination between the processes of amino acid transport and metabolism. The latter process is the function for which the modules of motif-53 are enriched, and thus having AzlB as a potential regulator is biologically sound. Another example is motif-96, where the modules are enriched for phage related functions. This is in agreement with the known role of the assigned regulator, Xpf, as controlling the expression from the PBSX prophage late operon 20 .
Condition-dependency of the transcriptional network
The different arrays of the compendium were subdivided into six categories according to the general condition they assessed: DNA, heat, peroxide stress, phosphate starvation, quorum response and sporulation. Microarray experiments under each category assess either mutants and/or conditions related to the assigned category (see supporting table S5 for the full list of arrays and their conditional categories). We examined whether the arrays of modules regulated by a certain regulator are enriched for particular conditional categories. Enrichment for a certain category implies that the target genes are co-expressed under that conditional category, and indirectly suggests that the regulator is transcriptionally active under that condition. The results indicate that the regulators in our network show a preference of 'activity' towards certain conditions, and that those conditions are generally in agreement with the known role of the regulator (Figure 3 ). For example, regulators whose modules are enriched for 'DNA' include LexA, the best known regulator of DNA damage-inducible genes 21 , and SigD, a regulator of the autolytic response among other functions 22 . The induction of autolysis by DNA damage has already been suggested to be the bacterial counterpart of the eukaryotic apoptosis in response to irreparable DNA damage 23 ; hence, it is not surprising to see an 'activity' for SigD in the 'DNA' category. Under conditions of peroxide stress (peroxide category), we notice SigW as the most prominent actor. Indeed, SigW is a regulator of detoxification processes, known to rid the cell from harmful substances (in this case peroxide) 24 . PerR also exhibits 'activity' in the peroxide category, as would be expected for the repressor of the peroxide regulon 25 . The "phosphate" category includes for the most part arrays related to phosphate starvation. Starvation is a known trigger for sporulation 26 , and thus it is not a surprise to see the sporulation-specific regulators such as SigE, SigG, SigF and SpoIIID being active in these conditions. ResD, a known target of the phosphate regulator PhoP 27 with an activation role in the global regulation of aerobic and anaerobic respiration 28 , is active in this category too. For the condition 'sporulation', SpoIIID, GerE, SigK, and SigE, all known regulators of sporulation 29 appeared to be the main regulators. Other known sporulation-specific regulators such as SigF, SigH, SigG, and Spo0A do not appear to be active in this condition. This is not a surprise, as the conditional category 'sporulation' in our compendium is mainly comprised of experiments performed in the mother cell 5 hours after induction of sporulation, thus excluding the spore-localized regulators SigF and SigG 30 and the early-stage sporulation regulators, Spo0A and SigH 29 . Some cases of conditional dependency, however, are more perplexing: under quorum response, we were surprised to see a pronounced activity for Fur, the regulator of iron uptake. A recent study reports that some quorum sensing genes in the Gram-positive bacterium Pseudomonas syringae are regulated by Fur 31 . A similar situation may be present in B. subtilis, which would explain our result. Examining the conditions under which the de novo motifs are 'active', we find that, at least for some of them the conditional categories are in agreement with the functional enrichment of their corresponding modules. For example, motif-96 and motif-98 are both 'active' in the 'DNA' conditional category, while their corresponding modules are enriched for phage-related functions and DNA restriction/modification/repair functions, respectively. However, some cases are less obvious. We notice that three out of the five motifs whose modules are enriched for ribosomal proteins (motif-2, 14, and 187) are 'active' in the phosphate starvation conditional category. It is a known fact in E. coli, for instance, that upon phosphate starvation ribosomes are dismantled 32 and their encoding genes undergo a decreased expression 33 . Our results suggest that a similar process to the one in E. coli could be taking place in B. subtilis.
Prediction of intra-operonic motif sites In bacteria genes are often organized in single co-regulated transcription units, called operons. It is not uncommon, however, that an operon will have multiple promoters and that a set of genes that acts as a single transcription unit (TU) under one condition is split into various separate units under different conditions. Such split of an operon can occur if the operon contains internal terminators and/or promoter sites (called intra-operonic promoters and characterized by the presence of intra-operonic motif sites; 34 . By combining co-expression with motif information, we can specifically search for novel intra-operonic motifs that give rise to a condition-dependent expression. Therefore, finding an operon gene that has its own motif and that is expressed differently from its preceding genes in the operon (i.e. belongs to a different module than its preceding genes), points towards the presence of a conditiondependent intra-operonic motif site. Accordingly, we retrieved 42 of the 108 intra-operon motif sites reported in DBTBS. In addition, we found evidence for 49 potential new ones (full list in supporting table S4). Figure 4 shows an example of the prediction of intra-operonic promoters within the previously characterized operon hemAXCDBL. The operon is known to be regulated by a single promoter upstream of hemA ( Figure 4A ). We predict the presence of two internal motif sites for the de novo predicted motif_187, upstream of hemX and hemL, respectively (purple boxes in Figure 4A ). The transcription profile of these two genes is indeed very different from that of the rest of the operon genes ( Figure 4B ).
Identification of complex regulons
It is believed that transcriptional complexity is partially mediated by the combined action of regulators: a combination of regulatory binding sites will give rise to more specific expression patterns. To grasp this level of transcriptional complexity, the concept of complex regulons was introduced 35 and refers to sets of genes regulated by more than one regulator. DISTILLER has the advantage that it identifies such complex regulons together with their corresponding expression pattern automatically. Given the currently available data, we could identify 6 such regulons, each composed of at least 4 independent transcription units. Five of these complex regulons confirm previously described regulator pairs; SigWAbrB, SigK-GerE, SigK-SpoIIID, SigE-SpoIIID, and SigW-SigX all have common targets reported in DBTBS. The newly predicted Fur-PerR regulon consists of 30 targets, many of which correspond to previously known Fur targets, but not known to be PerR targets. Fur is a negative regulator of siderophore biosynthesis and of the transcription of ferri-siderophore uptake genes, while PerR is a transcriptional repressor of the peroxide regulon 25 . As both regulators have their roles intersecting through the use of iron as a cofactor for antioxidant defense enzymes such as catalase, peroxidase, and superoxide dismutase 36 , it is not surprising to find them as regulators of a common complex regulon.
Identifying global regulators Global regulators have been defined in different ways in the literature: while some definitions are restricted to having a large regulon size 1,37 , others include additional criteria such as the vast number of environmental conditions to which these regulators respond 3, 38 or the number of functional categories to which their target genes belong. Using a combination of criteria we were able to identify the global regulators in our inferred network. The criteria are as follows: 1) regulon size, 2) the range of environmental conditions in which their corresponding modules are enriched (see Conditiondependency of the transcriptional network), 3) the number of functional categories for which their target genes are enriched (see Module networks and inferred interactions). Figure 5 contains a colorcoded summary of the extent to which each of the regulators that was assigned to a module meets the criteria mentioned above. Four regulators were identified as global based on a simple scoring system of summing up the scores of the 3 criteria mentioned: AbrB, CcpA, ComK, and SigB have the four highest scores. The known functions of these regulators indeed involve general cellular functions (Table 3) . We also notice that, with the exception of SigB, the global regulators are dual regulators. This is not a coincidence since in E. coli all of the global regulators are also dual regulators 3 . It seems logical that a regulator that orchestrates the expression of many targets in the cell under different conditions should be equipped with the greatest functional flexibility. Properties of the regulator interaction networ k To have a direct view on the transcriptional information flow from one regulator to another, we reduced the network to a graph in which only the nodes that correspond to regulators are displayed. Of particular interest are the newly inferred interactions between regulators as they unveil potential new links between different transcriptionally regulated pathways (dotted lines in Figure 6 ). For instance, we predict a positive regulation of sigH by ComK. Both SigH and ComK are transcriptional regulators known to play a role in cell competence. Specifically, ComK is a major regulator of competence genes, while SigH regulates the transcription of quorum sensing proteins 39 , a signaling mechanism known to influence the development of competence in a cell 40 . Another interesting example is the prediction of direct activation of sigG expression by SigE. It has been reported that SigE indirectly affects SigG through the transcriptional activation of SpoIIIA, which in turn releases sigG from inhibition by an unknown factor 29 . The direct activation of sigG expression by SigE would thus be complementary to this indirect interaction. Worth mentioning is that the genes sigE and sigG are adjacent on the genome; oftentimes this genomic order entails cross regulation of one gene by the product of the other. Examining the topology of this network, we see that 50% of the edges belong to only 28% of the nodes. We also found that 50% of the inward edges belong to 27% of the nodes, while 50% of the outward edges belong to 19% of the nodes. The discrepancy between the inward and outward distributions reflects the limited capacity of a gene to receive many regulating signals compared to the capacity of its product to regulate many targets. Furthermore, it was observed in metabolic networks, that there is a positive correlation between the numbers of inward and outward edges per node 41, 42 . In our regulators network no such correlation was found. This could be attributed to the different functionalities of the transcriptional versus the metabolic network: while a metabolic network mainly displays a product/substrate relationship, the transcriptional network reflects how signals are distributed, and this seems not to entail that nodes emitting many (few) signals also receive many (few) signals.
Discussion
In contrast to the E. coli and yeast transcriptional networks, few studies exist on the reconstruction of the B. subtilis network. In general, these studies focused on a partial reconstruction such as the structure of the sigma factor regulons 43 ) and the sporulation initiation genetic network 44 . Here, we collected different types of data to build a network that would be as inclusive as possible. Using the data integration workflow -DISTILLER-and different data sources as input, we were able to retrieve many of the previously characterized interactions for which the triggering conditions were available in our data set, and confidently predicted 417 new targets for regulators with a known motif model. For many of these novel targets, we could predict their mode of regulation. In addition, several new regulons for yet uncharacterized regulators were predicted based on the output of DISTILLER and de novo motif detection by comparative genomics. Our updated network is condition-dependent, providing an insight into which regulatory interactions are ensued under which environmental conditions. This provides a novel view on the network that is not offered by common network construction methods that rely on either the analysis of gene expression for a single condition, or on the examination of the motif data alone. The dependency of the network on conditions was strongly demonstrated through the condition enrichment analysis we performed for each regulator independently; none of the regulators displayed 'activity' across all the conditions, instead they showed preference towards some of them. The condition-dependency of the network allowed us to also uncover intra-operon regulation. Here, we predicted the presence of 49 potential intra-operonic regulatory sites. Previous studies have predicted operon structures different from those currently listed which are based on experimental evidence. This discrepancy comes as a result of the condition-dependent split of an operon into transcription units.
One B. subtilis operon prediction study was performed by de Hoon et al. in which they identified potential operons based on operon length, intergenic distances, and gene co-expression 45 . We viewed their results not as a disagreement with the currently known operon structures, but rather as a prediction of extra regulation within known operons. Based on this, we compared our results for intra-operon regulation with their results and found 13 matches (see supporting table S4). This overlap enforces the validity of our method for predicting intra-operon regulation, and assigns more confidence to those 13 predictions. In the course of identifying the global regulators of the network, we noticed the role of the alternative sigma factors i.e. non-housekeeping sigma factors. In B. subtilis there are 18 known alternative sigma factors, for which 11 have a known motif model. It has been generally accepted that alternative sigma factors provide an effective mechanism for the simultaneous regulation of the expression of large numbers of genes 46, 47 . However, with the exception of SigB, the 7 alternative sigma factors for which a module was assigned did not fit the former description, nor did they exist on the higher end of the scale of global regulators. The question of the role of regulation by an alternative sigma factor versus that by a transcription factor remains to be addressed.
Our study provides a reliable update of the B. subtilis regulatory network and provides insights into its structural properties. Future publication of novel data will certainly enhance the deduction ability of the method and allow for a more complete description of the network of B. subtilis.
Materials and methods
De novo motif detection For the detection of novel motifs we relied on a de novo motif detection strategy, using the genome wide application of the methodology described in Monsieurs et al. 14 
.
The following four Bacillus species were used for the first phylogenetic footprinting step (supporting figure S1) as they exhibited an optimal phylogenetic relatedness i.e. not too closely related to be uninformative and not too distantly related to have altered their mechanism of transcriptional regulation 48 ): B. subtilis (AL009126), B. anthracis (NC_007530), B. licheniformis (NC_006322) and B. cereus (NC_004722). To increase the reliability of the footprint results, we only searched for motifs that were conserved in the promoter regions of genes present in all four species; by pair-wise reciprocal BLAST best hits we identified 1943 gene sets that included all four Bacillus species. Intergenic sequences upstream of the gene sets were extracted. Intergenic sequences are the non-coding sequences upstream of the annotated ATG in GenBank. Gene sets for which the intergenic sequences were at least 40 bp were withheld, as they are the most likely to contain regulatory regions in their promoter region. This resulted in 1284 intergenic gene sets. For each gene set, intergenic sequences were locally aligned (step 1 in supporting figure S1) using the stochastic algorithm BlockSampler 14 with the following settings: we set B. subtilis as the reference sequence and used species specific third-order background models based on all intergenic sequences. Being a stochastic algorithm, BlockSampler was run 100 times per orthologous intergenic set using default parameters (searching on the plus strand, prior = 0.2, consensus score threshold = 1.3, minimum block width = 8), resulting in a list of 100 conserved regions (blocks). Redundant blocks were filtered from the list as follows: blocks overlapping for more than 75% were identified and listed. For each set of redundant blocks a representative was identified as the one with the best log likelihood score. All representatives were subsequently listed and ranked according to their log likelihood score: the 6 top scoring representatives were retained for each orthologous intergenic set. In a subsequent step, the blocks selected from all intergenic sets were mutually compared to identify conserved regions (blocks) that are common between different orthologous intergenic sets (step 2 in supporting figure S1). To this end, each block was converted into a position specific weight matrix and the resulting PWMs were mutually compared using the algorithm BlockAligner (based on the Kullback-Leibler distance; 14 . The algorithm was set to report PWMs (or blocks) that significantly align over a minimum of 6 bp. Significance was assessed by using 100 randomizations per alignment. Pairwise alignments with a p-value < 0.0001 were considered significant. The scores of the pair-wise alignments (i.e. p-values) were used as input for a graph-based fuzzy clustering algorithm 49 . Ten clustering solutions were obtained and merged, and a probability cut off value of 0.5 was used to obtain tight clusters. This resulted in 300 clusters, containing 2-12 blocks per cluster. A cluster, thus, consists of different blocks, originating from different orthologous intergenic sets that exhibit mutual similarity. The regions of such blocks that are conserved over different orthologous intergenic sets (or conserved cores) thus correspond to putative regulatory motifs. To extract these cores we selected the B. subtilis representative sequence for each block in a cluster and aligned them using a local multiple alignment strategy 50 . This resulted in a total of 159 reliable, putative novel motifs and their corresponding motif models. For the evaluation of the motif reduction step by comparative genomics we refer to the supplementary information.
Constructing a motif compendium
Both the de novo motif models and the models reported in the database of transcriptional regulation in Bacillus subtilis (DBTBS) were used to predict novel instances on a genome-wide scale. We used all 159 de novo models and 44 models for 44 regulators from DBTBS (33 models of transcription factors and 11 models for alternative sigma factors). Motif screening was performed using the method of Hertzberg et al. 51 . We screened the promoter regions of all 4106 protein-coding genes. The promoter region was defined as the intergenic region, plus 100 bp downstream of the translation start site.
Construction of the microar r ay compendium A compendium of 231 publicly available microarrays were downloaded from the Stanford Microarray Database 52 and Gene Expression Omnibus 53 , derived from 5 independent studies and performed on 10 different platforms. An overview of the compendium can be found in Table 4 . The data were normalized as follows: whenever possible, raw intensities were used as data source. Dual-channel data were loess fitted without background correction. Single-channel data were first normalized per experiment (loess fit against an artificial standard consisting of the overall per gene medians), and then log ratios were created using one of the arrays of the series as a reference. The reference array was selected based on its biological role in the experiment. Variance rescaling of the gene expression profiles was performed to render the magnitudes of expression changes more comparable between genes. Microarrays were assigned to six conditional categories: DNA, heat, peroxide, phosphate, quorum response and sporulation, based on a manual curation of the corresponding literature (either a mutant or a condition related to the assigned conditions was altered in the corresponding microarray experiments). Inference of transcriptional r egulatory modules Two matrices were used as input for DISTILLER: The first is an expression matrix containing the original values of the compendium converted to percentile ranks (ranging from zero to one). The second is a motif matrix in a binary format, where motif instances with Hertzberg screening p-values ≤ 0.001, and instances documented in DBTBS (including intra-operon regulation) were set to one. For DISTILLER we used the following parameter settings based on a parameter sweep: minimum number of genes in a module = 4; minimum number of conditions in a module = 30; number of randomizations = 100,000; box p-value threshold = 0.001; bandwidth = 0.00001. The details of the parameter sweep are shown in the supporting material in section "Selecting parameter values for DISTILLER" and table S1 and figure S2. Post-processing and seed-extension were performed as described in Lemmens et al. 10 Benchmar king of the infer r ed interactions with DBTBS For benchmarking, only regulator-target interactions for regulators with a documented motif model in DBTBS were considered. Operons were taken into account as follows: for any known regulator binding site of a gene, all genes in the same operon downstream of that gene were also considered to be regulated by the regulator, so they also counted as "true" interactions. To this end the operon assignment of DBTBS was used. Note that this procedure potentially results in an underestimation of the recall of DISTILLER, since some downstream operon genes are not necessarily co-expressed due to condition dependent termination of operon transcription (information which is not available in DBTBS).
Associating de novo motifs with potential regulators To associate our de novo motifs with known regulators, we first calculated the enrichment of the gene sets containing the novel motifs for targets of a specific regulator, using the hypergeometric distribution. This was performed for all the 120 regulators listed in DBTBS, and all tests with a p-value ≤ 0.05 were retained. Secondly, we compared the motif models of the de novo motifs to all models present in DBTBS (45 motif models), using the Kullback-Leibler distance measure with the software TOMTOM 54 . Comparisons were done for a minimum overlap of 5 bp, and all tests with an E-value < 1
were retained. Assignment of a regulator to a de novo motif was considered likely when both criteria mentioned above were fulfilled. This resulted in the assignment of 8 de novo motifs to a known regulator.
For the rest of the motifs, we assigned potential regulators as follows:
A full list of regulators in B. subtilis that do not have a documented regulatory motif was compiled by merging the known regulators from DBTBS for which no motif was identified, with the hypothetical regulators in B. subtilis retrieved from the DNA-binding domain (DBD) database 55 . Regulators were assigned to their potential motifs based on the principle of the "conserved neighborhood of a regulator and its target genes in bacteria": for each of the modules regulated by one of the novel motifs, we assigned one or more regulators from the above mentioned list of regulators, that were 'sufficiently close' to at least one of the target genes in the module. A measure of 'sufficiently close' was defined as follows: for each known regulator in B. subtilis, we identified its closest documented target gene (distance measured in base pairs). A distance of 2500 bases gave the best combination of recall (0.69) and precision (0.25) when tested against known TF-targets (see supporting table S2 and figure S3 ). This distance was used as an estimate for the minimal distance within which a regulator and its corresponding closest target gene are co-localized.
Functional and condition enrichment
The functional categories for all genes in a module were downloaded from DBTBS. Module enrichment for a specific functional category was calculated by means of the hypergeometric distribution. For each regulator, functional enrichment was calculated by combining the p-values of enrichment of the modules they regulate, using Fisher's test 56 . A p-value ≤ 0.05 was considered significant. The same method was used to calculate the condition enrichment using the six categories described before.
Prediction of intra-operonic binding sites Intra-operonic binding sites were identified by searching for operon genes, (according to their experimentally verified annotation in DBTBS), that were assigned to modules different than those of the immediate preceding genes in the operon. The presence of a gene in a different module than that of the immediate upstream gene in the operon is because the gene has its own (predicted) motif site and its expression profile is different from that of its preceding gene, and thus, it is an indication that the gene is regulated differently. All predictions of intra-operonic sites are listed in supporting table S4. Table 2 . Regulons predicted by our integrative analysis. Predicted motif: motif name; Logo: the corresponding motif logos; Functional Enrichment: the functional enrichment of the modules containing the motif, Module: the module number to which the de novo motif was assigned; Candidate TFs: the candidate TFs assigned to the modules based on the principle of 'close genomic
